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Genomic characteristics discriminating parasitic and mu-
tualistic relationship of bacterial symbionts with plants 
are poorly understood. This study comparatively analyzed 
the genomes of 54 mutualists and pathogens to discover 
genomic markers associated with the different phenotypes. 
Using metabolic network models, we predict external en-
vironments associated with free-living and symbiotic life-
styles and quantify dependences of symbionts on the host 
in terms of the consumed metabolites. We show that spe-
cific differences between the phenotypes are pronounced 
at the levels of metabolic enzymes, especially carbohy-
drate active, and protein functions. Overall, biosynthetic 
functions are enriched and more diverse in plant mutual-
ists whereas processes and functions involved in degrada-
tion and host invasion are enriched and more diverse in 
pathogens. A distinctive characteristic of plant pathogens 
is a putative novel secretion system with a circadian 
rhythm regulator. A specific marker of plant mutualists is 
the co-residence of genes encoding nitrogenase and ribu-
lose bisphosphate carboxylase/oxygenase (RuBisCO). We 
predict that RuBisCO is likely used in a putative meta-
bolic pathway to supplement carbon obtained hetero-
trophically with low-cost assimilation of carbon from 
CO2. We validate results of the comparative analysis by 
predicting correct phenotype, pathogenic or mutualistic, 
for 20 symbionts in an independent set of 30 pathogens, 
mutualists, and commensals. 

Plant–microbe symbiotic interactions are very diverse. In gen-
eral terms, these interactions can be mutualistic, when it is 
beneficial for both organisms; parasitic, when only the microbe 
benefits at the expense of the host or host damage; and com-
mensal, when one organism benefits and the other is not 
affected. Mutualistic and commensal bacteria in association 
with plants are either so-called ectophytes or endophytes, if 
their location is outside or within plant tissues, respectively. 
Parasitic plant-associated bacteria are considered pathogens if 
they damage the host during or after successful colonization, 

thereby causing symptoms of disease (Newton et al. 2010). 
Although parasitic and mutualistic interactions represent ex-
treme outcomes in the diversity of plant–microbe interactions 
(Bulgarelli et al. 2013), the assignment of a bacterial symbiont 
to pathogen or mutualist cohorts is not straightforward. Para-
sitic bacteria can change the type of interaction with the host 
during the host developmental stage (Newton et al. 2010) or 
may escape classification as pathogens when expression of 
their pathogenicity and virulence factors needs host-specific 
triggers (Mi et al. 2012). Successful colonization of a plant 
host by any symbionts requires the evasion of plant innate im-
munity; therefore, processes involved in the evasion (Hogenhout 
et al. 2009; Soto et al. 2009), such as surface polysaccharides 
and quorum-sensing signals, may be found in genomes of 
plant symbionts regardless of their mutualistic or pathogenic 
interaction phenotype. Yet, a subset of plant-pathogenic bacte-
ria causes devastating diseases to their host, such as Xylella 
fastidiosa, causing chlorosis of grapevines (Hopkins and 
Purcell), or Xanthomonas campestris pv. campestris, causing 
bacterial spot on pepper and tomato (Dow and Daniels 1994). 
In contrast, nonparasitic interactions, such as associations of 
nitrogen-fixing rhizobia with legumes (Long 1989), are well-
known examples of resource-based mutualism, when one type 
of resource produced by bacteria is traded for another resource 
produced by plants. Although some of these plant–bacteria 
interactions have been studied in detail at the genetic, bio-
chemical, and physiological levels and the genomes of several 
plant-associated bacteria have been sequenced, a large-scale 
comparative genome analysis searching for genomic markers 
and characteristics underlying the distinct mutualistic and para-
sitic interaction phenotypes is not available in the literature to 
date. Individual molecular functions, metabolic pathways, and 
biological processes may exist or be enriched in microbial ge-
nomes of one versus the other interaction phenotype. Conse-
quently, revealing these genomic differences may have impor-
tant implications for distinguishing one phenotype from the 
other, for diagnostics, for controlling plant diseases, and for in-
creasing crop productivity. 

In this study we used comparative analysis of sequenced 
genomes from bacteria in well-known mutualistic or parasitic 
symbioses with plants to explore genomic features underlying 
these interaction phenotypes. We calculated enrichments of the 
genomes with protein functions and enzymes and used meta-
bolic network models to predict substrates consumed by sym-
bionts when they live inside or outside the host. We inferred 
metabolic pathways and cellular processes that discriminate 
one phenotype from the other and employed literature, pub-
lished experimental data, and annotations of 3,062 complete 
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bacterial genomes to analyze in more detail two genomic hall-
marks of parasitic and mutualistic phenotypes: a putative secre-
tion system in pathogens and a putative ribulose bisphosphate 
carboxylase/oxygenase (RuBisCO)-based metabolic pathway 
for carbon assimilation. We validated the predictive power of 
identified pathogen- and mutualist-specific protein domains 
using two machine-learning techniques and an independent set 
of recently sequenced symbionts with validated pathogenic, 
mutualistic, and commensal phenotypes. 

RESULTS AND DISCUSSIONS 

Sequenced plant symbionts and  
related limitations of the analysis. 

Bacteria characterized by a symbiotic interaction with plants 
were manually identified using metadata from the Genomes 
OnLine Database (GOLD) (Liolios et al. 2010) and the litera-
ture. An extensive search of the data revealed only 64 plant 
symbionts with finished genomes and with well-documented 
mutualistic (28 organisms) or pathogenic (36 organisms) phe-
notypes. The majority of these bacteria were classified in the 
phylum Proteobacteria, with representatives in the orders 
Acholeplasmatales, Burkholderiales, Enterobacteriales, Pseu-
domonadales, Rhizobiales, and Xanthomonadales. Several of 
the bacteria were strains and isolates in the same genus or spe-
cies. Most of such “duplicates”, except Pseudomonas syrinage 

DC3000 and P. syrinage B728a, were removed, which resulted 
in an equal number of either phenotype (27 pathogens and 27 
mutualists) for further comparative analysis (Fig. 1). Although 
the cohort of mutualists was dominated by members of the class 
Alphaproteobacteria, members of Gammaproteobacteria domi-
nated among pathogens; nevertheless, both cohorts included 
bacteria from either class. Initial analysis of the metadata re-
vealed that mutualists had, on average, larger genome sizes 
than pathogens and a higher genomic GC content. A signifi-
cant difference between groups, however, was not observed 
when obligate symbiotic Phytoplasma spp. were excluded 
from the comparison. The majority of mutualists were anno-
tated as “nitrogen fixation positive”, whereas only one patho-
gen had this annotation. Most bacteria in both subsets were 
motile, free-living mesophiles, had varying plant hosts, and 
were assigned aerobic or facultative anaerobic catabolism.  

There are several limitations of the comparative study of the 
symbionts that must be acknowledged. The number of plant 
symbionts with completely sequenced genomes is rather small. 
Although the number of sequenced genomes is quickly in-
creasing due to new sequencing technologies, the majority of 
these genomes are not finished or strains belong to already 
represented genera. Additionally, phenotypic information of 
sequenced plant symbionts is rather incomplete, which pre-
cludes an automated selection of organisms for computational 
analyses. 

 

Fig. 1. Taxonomic relationship of plant symbionts selected for a comparative analysis of their genomes. Names of mutualists are given in light blue and 
names of pathogens are given in black. 
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The study is focused on two broad phenotypes: parasitic and 
mutualistic. Both phenotypes, however, are represented by or-
ganisms with different mechanisms of interaction with the 
plant host. Biotrophic mechanisms, for example, can be found 
in pathogens and mutualists. Moreover, some symbionts are 
not characterized by a single mechanism; they change the type 
of interaction during their life cycles. The dynamics may pre-
clude the detection of general processes underlying pathogenesis 
and mutualism of the symbionts. 

Another limitation to this analysis is the uneven phyloge-
netic distribution of plant symbionts with a mutualistic or patho-
genic lifestyle (Fig. 1). Members of classes Gammaproteobac-
teria and Alphaproteobacteria constitute 66 and 75%, respec-
tively, of the analyzed organisms, with more pathogens (88%) 
being classified as Gammaproteobacteria and more mutualists 
(88%) belonging to Alphaproteobacteria. This bias is the out-
come of practical interest of researchers regarding genomic se-
quences of agriculturally important strains, such as root-nodu-
lating nitrogen-fixing mutualists (in order Rhizobiales) and 
devastating necrotrophic plant pathogens (in orders Enterobac-
teriales and Xanthomonadales) (Mansfield et al. 2012). Similar 
associations between phylogeny and lifestyle, however, may 
exist in a natural setting. A recent study of naturally occurring 
microbial communities from roots and leaves of Arabidopsis 
thaliana (Bodenhausen et al. 2013) revealed that members of 
class Gammaproteobacteria were the most abundant (34.9%) 
in epiphytic microbial communities. In contrast, the endo-
phytic communities had only 13.5% of sequences from this 
class, whereas members of Alphaproteobacteria as well as 
Betaproteobacteria were abundant in all endophytic leaf sam-
ples, as well as in all root samples. These results indicate that 
lifestyle and phylogeny may be naturally related. Most mutual-
ists with sequenced genomes were isolated as root or leave en-
dophytes. Most pathogens were isolated from stems and leaves 
of the infected plants in their epiphytic stage. They often enter 
plant tissues by wounds and then multiply and spread. More 
sequenced plant symbionts with a known lifestyle are neces-
sary to explore further the link of the mutualistic or pathogenic 
nature of symbionts with their phylogeny and habitat. 

Host and nonhost biochemical environments of symbionts. 
The environment occupied by a microorganism is a major 

evolutionary force shaping the genome. Extreme genome re-
duction in obligate pathogens leading to complete dependence 
on the plant host is well documented (McCutcheon and Moran 
2012). However, most plant symbionts can live not only inside 
the host but also in nonhost environments, which can be rather 
diverse. Nonhost and host environments of symbionts may 
contribute by selection to contemporary genomic differences 
between pathogenic and mutualistic phenotypes. Experimental 
characterization of the microbial external environments, how-
ever, is rather challenging. We used a “reverse-ecology” ap-
proach to predict these environments computationally using 
metabolic network models of the symbiont and of the plant. 

First, we found compounds (potential substrates) that are 
likely acquired by each symbiont exogenously from either the 
host or nonhost environment (Supplementary Dataset S7A). 
The employed computational tools (Borenstein et al. 2008; 
Carr and Borenstein 2012; Kreimer et al. 2012) can predict 
“potential substrates” from the topology of a metabolic network 
of the organism. Briefly, a graph-theory algorithm is used to 
separate compounds into those that can be synthesized from 
other compounds in the network and those that cannot be syn-
thesized and, therefore, can be considered as potential sub-
strates acquired exogenously to drive bacterial metabolism. We 
subdivided the potential substrates into two subsets. The first 
subset, termed “host substrates”, includes compounds that 

symbionts can uptake directly from the plant host. The second 
subset, termed “nonhost substrates”, includes the remaining 
potential substrates that are not produced by plants and, there-
fore, must be acquired from sources outside of the host. It has 
been demonstrated that the predicted potential substrates, 
which are also referred to in the literature as “seed”-com-
pounds, can provide a proxy of the metabolic environment in 
habitats of the bacteria (Borenstein et al. 2008). By separating 
the potential substrates into host substrates and nonhost sub-
strates, we create proxies of metabolic environments for free 
living and for symbiosis, respectively. Although the computa-
tional approach provides a unique opportunity for the compari-
son of host and nonhost environments of mutualists and patho-
gens, it has several important limitations. We considered the 
model plant organism A. thaliana as the host for all studied 
symbionts and used the metabolic model of this plant to pre-
dict host and nonhost substrates for each symbiont. We found 
only small differences between the pools of metabolites pre-
dicted from the genome annotation of A. thaliana and from 
other sequenced plant genomes (details below). The finding, 
however, may be biased by the incomplete knowledge of other 
plant genomes, because their annotations are typically based 
on comparison of the predicted genes with A. thaliana 
orthologs. More complete information on specific genomic 
characteristics of different plant species is critical to make 
more accurate computational predictions of the host and non-
host environments of plant symbionts. In addition, the recon-
struction of a metabolic model for plants, including A. thali-
ana, is significantly more challenging than reconstructions of 
bacterial metabolism. Although the A. thaliana metabolic 
model (Mintz-Oron et al. 2012) used in the analysis is based 
on tissue-specific proteomics data of the plant and has been 
validated by gene-expression studies, only a small subset of 
predicted metabolites has been verified by a targeted metabo-
lomics analysis. Therefore, we were not able to quantify how 
many metabolites are under- or overpredicted in the plant host. 

Keeping in mind the aforementioned limitations, we com-
pared host and nonhost environments of the symbionts using 
predicted host substrates and nonhost substrates. We hypothe-
sized that an increased portion of nonhost substrates might be 
linked to more diverse environments of symbionts when they 
live outside the plant, and an increased portion of host sub-
strates might be linked to a greater dependence on compounds 
produced by plants. Therefore, we calculated the ratio of the 
number of nonhost substrates to the number of host substrates 
to compare host and nonhost environments and to characterize 
the ecological independence of the symbiont on the host (Fig. 
2). We define this ratio as the host independence (HI) score 
with greater HI scores indicating a lesser dependence of the 
symbiont on the plant host and greater ecological flexibility, 
reflecting a higher probability of survival in diverse biochemi-
cal environments outside the host. The calculated HI scores of 
the symbionts ranged from approximately 0 in obligate patho-
gens to an average value of 1.5 in the rest (Fig. 2). The latter 
indicates a diverse nonhost environment of nonobligate plant 
symbionts, whether pathogens or mutualists. This metabolic 
versatility may contribute to the dynamics of microbe–host in-
teractions mentioned in the introduction (Newton et al. 2010). 

We did not find a significant correlation of the HI score with 
the size or the GC content of the analyzed symbiont genomes. 
When excluding obligate pathogens, the ecological versatility 
and the host independence of studied plant symbionts did not 
associate with their pathogenic or mutualistic phenotype or 
their phylogenetic relationships (Fig. 2). We identified several 
soft-rot plant pathogens, including three Erwinia spp., two 
Pectobacterium spp., Dickeya dadantii, and Pantoea ananatis 
as symbionts with high HI scores (HI > 1.6). The ability of these 
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pathogens to occupy a diverse range of environments, includ-
ing soil and water, is well documented (Coutinho and Venter 
2009; Glasner et al. 2008; Kikumoto 1980; van der Wolf et al. 
2007) and is consistent with their high HI scores. Most patho-
gens are actually opportunistic (Pérombelon 2002); they damage 
plants only when host immunity is compromised. We also 
identified a mutualistic stem-nodulating bacterium, Azorhizo-
bium caulinodans, among symbionts with relatively low HI 
scores. This symbiont is phenotypically different from other 
rhizobia and can support only saprophytic growth (Ladha et al. 
1989). 

Differences in bacterial phenotypes are more pronounced 
when environments of symbionts are compared in terms of 
substrates required for their growth outside (nonhost substrates) 
and inside (host substrates) the host. For both phenotypes, we 
built a hierarchy of symbionts considering pairwise similarities 
between profiles of nonhost substrate abundances as well as 
host substrate abundances (Supplementary Fig. S1A and B). 
These hierarchies demonstrate a better separation of pathogens 
and mutualists. However, our analysis of nonhost substrates 
revealed that caution should be taken in using them for com-
parison of the growth environments. These substrates are sup-
posed to represent compounds consumed by bacteria but are 
not produced by the plant host. In some cases, however, these 
compounds are not predicted because the plant metabolic 
model is incomplete and fails to predict all metabolites produced 
by the plant. The compounds identified as host substrates are 
more accurate because they are inferred from reactions and 
pathways verified for Arabidopsis thaliana, the model plant 
organism. Many of these reactions are involved in central me-
tabolism of plants and, thus, are common across most plant 
species. A comparison of host substrates revealed that struc-
tural components of plant cell walls and their intermediates, 
such as cellulose, raffinose, galacturonate, and rhamnulose, are 
common host substrates for plant pathogens, whereas plant-
stress-related compounds such as biotin, stachyose, 5-oxopro-
line, phenylacetonitrile, cystathionine, and histidinol are com-
mon host substrates for plant mutualists. This observation sug-
gests that different metabolic environments shaped genomes of 
mutualists and pathogens inside the host, which may be the 
cause of the observed distinct genomic characteristics associ-
ated with pertinent phenotypes. These characteristics were a 
target of our further analysis. 

“Constructive” genomic signatures and  
metabolic diversity in plant mutualists versus 
“destructive” genomic signatures and  
diversity of host invasion mechanisms in plant pathogens. 

To identify differences in cellular processes and in molecular 
functions that associate with mutualistic and parasitic pheno-
types of plant symbionts, we compared genomes representing 
the phenotypes in terms of enzymes, pathways, CAZy families, 
and Pfam domains. All the comparisons revealed similar ge-
nomic signatures separating the phenotypes; processes and 
functions involved in biosynthesis are enriched and more di-
verse in plant mutualists, whereas processes and functions 
involved in degradation and host invasion are enriched and 
diverse in pathogens. 

Comparative analysis of metabolic enzymes reveals approxi-
mately 1.4 times less the total number of predicted enzymes in 
the genomes of pathogens than mutualists (P value 0.0007; Sup-
plementary Dataset S5A) and a 10-fold smaller number of en-
zymes that are significantly (P < 0.001) enriched in their 
genomes (10 unique enzymes in pathogens versus 105 in mu-
tualists). Significant differences remained even when obligate 
pathogens were excluded from the comparison (P = 0.0096). 
Hierarchical clustering of the enzymes (Fig. 3) clearly demon-

strates that genomes of mutualists are essentially more en-
riched with metabolic activities than genomes of pathogens, 
with most of the predicted activities participating in biosyn-
thetic and respiration reactions. In the case of pathogens, the 
enriched metabolic activities are more common across organ-
isms; many of them are represented by hydrolases (EC3) and 
lyases (EC4) involved in degradation of carbohydrates (Fig. 3). 

None of the MetaCyc or Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathways is significantly enriched in patho-
gen genomes, and only one MetaCyc pathway, adenosylco-
balamin biosynthesis II (late cobalt incorporation), is enriched 
in mutualist genomes (false discovery rate [FDR] q value = 
0.18 and P value = 0.005). This aerobic route of coenzyme B12 
(adenosylcobalamin) biosynthesis, including cobalt-containing 
enzymes, emerged as a characteristic marker for mutualists. 
The importance of cobalt for Rhizobium spp. was experimen-
tally established five decades ago (Burton and Lochhead 1952; 
Nicholas et al. 1962), which is consistent with our computa-
tional predictions. 

A comparison of parasitic and mutualistic phenotypes in 
terms of abundances of predicted CAZy families in their ge-
nomes (Supplementary Dataset S6; Supplementary Fig. S2) 
produced results consistent with the destructive and construc-
tive nature, respectively, of the corresponding phenotypes. The 
analysis revealed 12 CAZy families that are more abundant in 
one cohort than the other (P < 0.01), with three families of 
polysaccharide lyases (PL1, PL3, and PL4) and three families 
of glycoside hydrolases (GH28, GH5, and GH53) being sig-
nificantly enriched in pathogens. Many of these enzymes are 
involved in the rotting of plant tissue and in plant cell wall 
degradation. Six CAZy families enriched in mutualists include 
one family of GHs (GH102), three families of glycosyl trans-
ferases (GT4, GT4, and GT51), and two families of carbohy-
drate esterases (CE9 and CE4). According to annotations of 
the families (Cantarel et al. 2009), these enzymes are involved 
in synthesis of oligo- and polysaccharides rather than in their 
degradation. 

A comparison of Pfam domains found in genomes of the 
symbionts revealed that plant mutualists are twice as function-
ally diverse as pathogens. None of the identified Pfam do-
mains, however, is shared by all pathogens or by all mutualists. 
Many of the Pfam domains are phylum or genus specific and 
shared by two to three symbionts. Most cellular processes iden-
tified as enriched in or specific for plant pathogens (Table 1) 
represent putative molecular mechanisms utilized by pathogenic 
bacteria to invade plants. In contrast, none of the clustered 
mutualist-specific or -enriched protein functions (Table 1) asso-
ciated with processes of plant invasion. Cellular processes rep-
resented by Pfam domains conserved in nine to 25 genomes of 
mutualists are involved in biosynthetic processes; many of 
them are well characterized. Importantly, the most common 
plant pathogen-specific protein functions (Table 1) are repre-
sented by a conserved genomic locus with several hypothetical 
proteins that appear to be a part of a putative secretion system. 
Furthermore, the most common and specific protein functions 
encoded in the genomes of mutualists, including nonphotosyn-
thetic symbionts living in root nodules (Table 1), represent Ru-
BisCO (type I), the most abundant enzyme on Earth (Andrews 
and Lorimer 1987). These two genomic features are the most 
prominent discriminators of phenotypically different plant 
symbionts and, thus, they were analyzed in more detail. To this 
end, we have searched genomes of 3,062 bacteria in the Inte-
grated Microbial Genomes database (IMG) (Mavromatis et al. 
2009) for the presence of these discriminating protein func-
tions in the genomes of other pathogens and mutualists. This 
genome query was complemented by searching the published 
literature on experimental studies of host–microbe interactions 
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under in vivo conditions to verify that the genes encoding 
these discriminating functions are actually expressed during 
the symbiosis. 

A novel putative secretion system  
as a distinctive characteristic of plant pathogens. 

The most common pathogen-specific protein functions (the 
first cluster in Table 1) are encoded by genes that reside in a 
predicted operon (Supplementary Fig. S3). These functions are 
conserved in the genomes of 12 pathogens from six different 
genera and include nine Pfam domains, with only two of them 
found in known proteins characterized as components of the 
type IV secretion system (Audette et al. 2007). These two 
known secretion-specific protein functions and the co-localiza-
tion of genes in a conserved operon suggest that the cluster 
may represent an as-yet-unknown pathogen-specific secretion 
system and, potentially, a set of unknown virulence factors 
participating in colonization of the plant host. A search of bac-
terial genomes in IMG for Pfam domains representing this pu-
tative secretion system has identified 52 organisms, 31 (60%) 
of which are known pathogens, including 17 human pathogens, 
nine plant pathogens (17%), and also pathogens of insects, 
rodents, and fish. None of the 52 organisms are characterized 
as mutualists. 

A search of published experimental data in order to confirm 
expression of this secretion system during pathogenesis did not 
identify any pertinent functional genomics studies with plant 
pathogens under in vivo conditions. However, we have identi-

fied a study of a human pathogen with the same putative secre-
tion system, Salmonella enterica serotype Typhi, the cause of 
typhoid fever (Sheikh et al. 2011). In this study, an RNA cap-
ture and amplification technique followed by microarray hy-
bridization was used to identify expression levels of S. enterica 
Typhi transcripts in the blood of five humans infected with S. 
enterica Typhi compared with expression levels in in vitro cul-
tures. Analysis of the experimental data (Supplementary Fig. S4) 
revealed that transcripts of five adjacent genes of the putative 
secretion system—sty4575 (DUF1525), sty4576 (DUF1527), 
and sty4577 as well as sty4572 and sty4573 with a TraC_F_IV 
domain—were identified in the blood of three to five patients 
infected with S. enterica Typhi. Moreover, sty4575 (DUF1525) 
and sty4576 (DUF1527) transcripts were at significantly higher 
levels in vivo versus in vitro. Especially high expression (19- 
to 207-fold increase) was found for sty4575 (DUF1525). Do-
main DUF1525 belongs to the clan of thioredoxins. The 
DUF1525 domain protein STY4575 is small and has a thiore-
doxin fold; therefore, it potentially regulates activity of host 
proteins by moving from bacterial cells to plant or animal 
cells. According to a recent study, the circadian clock is crucial 
for induction of a pro-inflammatory response to S. enterica 
Typhi infection in mice (Bellet et al. 2013). Therefore, the 
presence of a virulence factor that may affect the host circa-
dian machinery in the secretion system is not surprising. Well-
known proteins with a thioredoxin fold are KaiB and peroxire-
doxin involved in circadian regulation by a post-translational 
mechanism in cyanobacteria (Johnson et al. 2008) and eukary-

Fig. 2. Characteristics of host and nonhost biochemical environments of symbionts. Number of all predicted potential substrates (rectangles) acquired from 
the host (stars) and from the nonhost environment (diamonds) in symbionts ordered by the host independence (HI) score (ovals) are shown by lines with 
corresponding markers. Genome sizes and genomic GC contents are shown for comparison by purple and green columns, respectively. 
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otes (O’Neill et al. 2011), respectively. Our analysis found 
KaiB in five mutualists in a cluster of genes involved in the 
bacteriochlorophyll biosynthesis (Table 1) but not in any patho-
gen. We found 86 genomes with the KaiB protein domain in 
IMG, of which only Legionella and Microcystis spp. were 
pathogenic. Therefore, we propose that the conserved DUF1525 
domain protein found in 11 pathogens but not in mutualists 
represents an alternative to the clock protein KaiB found in 
mutualists. The high abundance of the DUF1525 protein in 
blood cells infected with S. enterica Typhi suggests an involve-
ment of the protein in colonization of the host. 

Nitrogenase and RuBisCO (type I) genes as the most 
common distinctive characteristic of plant mutualists. 

The most common biological process inventory found in 25 
mutualists and only in two pathogens is represented by genomic 
loci encoding nitrogen-fixation proteins (Table 1). Only in ge-
nomes of the studied mutualists, however, did the nitrogen fix-
ation genomic loci coexist with genes encoding Pfam domains 
of RuBisCO, type I. This enzyme provides a key activity for 
autotrophic CO2 fixation in the Calvin Benson Bassham 
(CBB) cycle (Joshi and Tabita 1996), and the importance of 
the enzyme for CO2 fixation is well documented for autotroph-
ically growing bacteria, including some plant mutualists such 
as the cyanobacteria Nostoc punctiforme and Anabaena azollae 
(Ekman et al. 2006; Olivares et al. 2013). Autotrophic growth 
based on the CBB pathway, however, consumes a lot of energy 
and reductant, and the CBB pathway is predominantly found 
in phototrophic and chemolithotrophic primary producers. It is 
intriguing that RuBisCO is also common in genomes of 

nitrogen-fixing mutualists growing in root nodules and that the 
enzyme appears to be a specific genomic marker for mutualis-
tic relationships with the plant host in the studied symbionts. 

To evaluate associations of RuBisCO with nitrogen fixation 
and mutualistic phenotypes in other sequenced organisms, we 
have searched bacterial genomes in IMG (Mavromatis et al. 
2009) for protein functions representing RuBisCO (Pfam do-
mains Rubisco_large_N and Rubisco_small) and the nitrogenase 
(EC 1.18.6.1 and Pfam Oxidored_nitro). We have identified 219 
finished genomes in IMG as nitrogenase positive, of which 35 
are annotated as genomes of symbionts; however, none of the 
nitrogenase-positive genomes are annotated as that of a para-
site. We also have found 112 genomes in the database that en-
coded RuBisCO, with approximately half of them (49 genomes) 
also encoding nitrogenase. Among 112 RuBisCO-positive ge-
nomes, not a single one is annotated with a parasitic symbiotic 
relationship. However, we found 14 known plant symbionts, 
13 of which are annotated as mutualistic plant symbionts ex-
pressing both nitrogenase and RuBisCO activities. Thus, the 
IMG dataset suggests that RuBisCO, type I, is not encoded in 
the genomes of parasites and often co-occurs with nitrogenase-
encoding genes in the genomes of plant mutualists. 

We further used transcriptomics data from two in vivo studies 
of Bradyrhizobium japonicum (114 microarrays) (Lindemann 
et al. 2007; Pessi et al. 2007) and an in vivo study of Sinorhi-
zobium meliloti (nine microarrays) (Sheikh et al. 2011) to eval-
uate expression patterns of nitrogenase and RuBisCO genes 
during a colonization of the plant host. We hypothesized that, 
if RuBisCO was critical to symbiotic relationships, we would 
detect RuBisCO gene expression in nodules together with an 

Fig. 3. Hierarchical clustering of number of enzymes predicted in genomes of the symbionts. Only enzymes that are significantly (P < 0.001) enriched in one 
of the groups, pathogens or mutualists, are included in the analysis. 
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upregulation of nitrogenase gene expressions. We have analyzed 
transcriptional profiles of the nitrogenase genes (nifDKENX) 
and RuBisCO genes (rbcL and cbbS) in B. japonicum and 
Sinorhizobium meliloti across all microarrays and found simi-
lar coexpression patterns of these genes during in vivo growth 
for both bacteria (Supplementary Fig. S5). 

Although the role of RuBisCO in CO2 assimilation by aerobic 
autotrophs is well documented, there is presently no literature 
that implicates RuBisCO in carbon metabolism of nonauto-
trophic bacteria, including nitrogen-fixing plant symbionts. To 
understand a potential role of RuBisCO in the metabolism of 
aerobic, nonautotrophic nitrogen-fixing plant symbionts, the 
gene neighborhoods of RuBisCO subunit-encoding genes 
(cbbS and rbcL) in mutualist genomes were investigated. We 
found that both subunit genes are co-localized in a conserved 
seven-member gene operon (Supplementary Fig. S6) that en-
codes several enzymes of a pathway known in plants as “the 
RuBisCO shunt” (Schwender et al. 2004). This metabolic 
pathway is employed by plants during the formation of oil in 
developing green seed to increase carbon conversion efficiency. 
Therefore, we propose that plant mutualists may use RuBisCO 
in their metabolism in a similar context, which would result in 
less consumption of fixed carbon taken from the host accom-
panied by maintenance of the fixed-carbon pool at affordable 

metabolic cost. We considered a set of chemical reactions cata-
lyzed by enzymes of the conserved RuBisCO operon and were 
able to predict a putative RuBisCO-based pathway for carbon 
fixation from CO2 in mutualists (Fig. 4). The pathway, which 
we propose to call “RuBisCO-amended glycolysis”, may pro-
vide a straightforward metabolic route to production of pyruvate 
from D-fructose-6-phosphate, with supplemental CO2 utiliza-
tion by RuBisCO at the expense of only one hydrolyzed ATP. 
The overall stoichiometry of the pathway is similar to the Ru-
BisCO shunt of plants (5D-fructose-6-phosphate = 12acetyl-
CoA + 6CO2). Both pathways are approximately 20% more effi-
cient in producing acetyl-CoA when compared with Embden-
Meyerhof glycolysis (5D-fructose-6-phosphate = 10acetyl-
CoA + 6CO2) and reduce production of CO2 by 50%. Impor-
tantly, reactions of the pathway require only one additional 
ATP and, therefore, can be implemented in organoheterotro-
phic organisms. The mutualist still has to uptake fixed carbon 
from the plant; however, the uptake will be decreased and 
dicarboxylic acids such as malate or succinate, which are the 
main carbon source for nitrogen fixation in culture conditions, 
can be replaced by glucose or fructose. Activation of the 
pathway, however, may require a special atmosphere, enriched 
in CO2 and depleted in O2, for expressing RuBisCO, because 
the enzyme is sensitive to changing CO2 and O2 levels (Parry 

Table 1. Biological processes represented by differentially abundant or specific Pfam domains in plant pathogens and plant mutualists 

Biological processa Species Pfam domains 

Plant pathogens   
Putative secretion system Acidovorax avenae, Pseudomonas syringae pv. syringae B728a, Xanthomonas 

campestris pv. campestris 8004, X. campestris pv. vesicatoria, Dickeya zeae,  
X. axonopodis, Erwinia pyrifoliae, Pectobacterium wasabiae, Pseudomonas syringae 
pv. tomato DC3000, E. carotovora, X. oryzae PXO99A, P. putida W619 

DUF1527,TraC_F_IV, DUF2895, 
DUF2976, DUF3438, DUF3487, 
Plasmid_RAQPRD, 
DUF1525,TraG_N 

Group A virulence factors 
associated with the Hrp 
protein secretion system 

D. zeae, E. amylovora ATCC 49946, E. carotovora E. pyrifoliae, Pectobacterium 
carotovorum, Pseudomonas syringae pv. syringae B728a, P. syringae pv. tomato 
DC3000, Ralstonia solanacearum GMI1000 

HrpF, HrpE, DspF, AvrE, HrpJ, 
Hairpins, MxiH 

Group B virulence factors 
associated with the Hrp 
protein secretion system 

A. avenae, R. solanacearum GMI1000, X. axonopodis, X. campestris pv. campestris 
8004, X. campestris pv. vesicatoria, X. oryzae KACC10331 

HrpB2, HpaP, HrpB4, HrpB7, 
HrpB1_HrpK 

Plant cell wall degradation X. campestris pv. campestris 8004, X. campestris pv. vesicatoria, X. axonopodis, X. 
oryzae KACC10331 

Glu_cyclase_2, Cdd1, 
Glyco_hydro_67C, 
Glyco_hydro_67M, 
Glyco_hydro_67N, NAGidase 

Phytoplasma-specific 
virulence factors 
associated with the cobalt 
transport system 

Phytoplasma AYWB, ‘Candidatus Phytoplasma australiense’, Phytoplasma OY DUF2779, DUF1393, DUF3744, 
DUF2963 

Plant oncogene Acidovorax avenae, Agrobacterium tumefaciens C58 RolB_RolC, Agro_virD5 
Unknown Xylella fastidiosa 9a5c, X. fastidiosa Temecula1 DUF2669, DUF2913, DUF2815, 

DUF1566, X_fast-SP_rel, DUF769
Bacillus thuringiensis toxin D. dadantii Ech703, D. zeae Bac_thur_toxin, Neur_chan_LBD, 

MbeD_MobD 
Putative colonization 

system 
P. syringae pv. syringae B728a, P. syringae pv. tomato DC3000 AvrPtoB-E3_ubiq, AvrPto , 

DUF1523, DUF2513, DUF3010, 
DUF3335, WavE, HrpA_pilin 

  (continued on next page)
a Processes are named according to functional description of Pfam domains. 
b Group A and group B effectors are encoded in 13 pathogens by two different conserved operons; each operon is found in a distinct set of pathogens. 

Although the hrp genes are known, the fact that the effectors are found in two non-overlapping sets of many studied pathogens and represent a very 
discriminative feature of the pathogenic phenotype may be used for classification of plant pathogens and for selection of specific pesticides for each group.

c In addition to the clustered domains, a set of 11 glucosyl hydrolases and two cellulose-binding modules (CBM_6 and CBM_3) were encoded in the 
genomes of 11 pathogens but not in genomes of mutualists. These domains do not constitute a single cluster; instead, different domains were found in 
different pathogens. The difference likely evolved because each pathogen has a specific host plant and is challenged to degrade a different cell wall 
structure. The most common functions, found in three to six pathogens, are Glyco_hydro_30, Glyco_hydro_67C, Glyco_hydro_67M, Glyco_hydro_67N,
Glyco_hydro_98C, Glyco_hydro_98M, CBM_6, and CBM_3. Both carbohydrate-binding domains (CBM_3 and CBM_6) have the cellulose-binding 
function but CBM_6 is often found in plant pathogens within complex enzymes in combination with Glyco_hydro_98C and Glyco_hydro_98M domains.
CBM_3 is found in combination with the cellulase domain. Domains Glyco_hydro_67N, Glyco_hydro_67M, and Glyco_hydro_67C are also found within 
one enzyme in four Xanthomonas spp. Genomes of four analyzed Xanthomonas spp. and of Streptomyces scabiei were especially enriched with the 
glucosyl hydrolases, indicating the importance of cell wall degradation during plant colonization by these species. 

d Although auxin is produced by some pathogens and, actually, best characterized in the phytopathogenic bacterium Agrobacterium tumefaciens, nitrile 
hydratase is not encoded in any of the investigated pathogen genomes. In Agrobacterium tumefaciens C58, auxin is synthesized by a different metabolic 
route from L-tryptophan by tryptophan 2-monooxygenase (EC 1.13.12.3). 
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et al. 2013). This requirement is satisfied for endophytic sym-
bionts living in root nodules. The importance of the proposed 
pathway for the symbiosis is also supported by experiments 
with mutants of Bradyrhizobium sp. strain ORS278. In a study 
by Bonaldi and associates (2010), mutations in genes encoding 
the RuBisCO subunit rbcL and the ribulose-phosphate 3-epim-
erase (rpe) affected the formation of nodules. In a study by 
Gourion and associates (Gourion et al. 2011), a cbbL deletion 
mutant strain had an impaired nitrogen-fixation activity. The 
requirement of CO2 for growth of legume-nodulating bacteria 
is also well documented (Lowe and Evans 1962). Additionally, 
the use of an alternative carbon source was indicated in a study 
by Bergersen and Turner (1990). These authors reported that 
only low concentrations of dicarboxylic acids stimulated N2 
fixation but already modestly increased concentrations were 
inhibitory. 

Predicting the plant–microbe interaction phenotype using 
mutualist and pathogen specific protein family domains. 

Specific protein functions encoded in the genomes of patho-
gens and mutualists and identified by our analysis provided an 
opportunity to develop a statistical model for predicting the 
phenotype (mutualistic versus pathogenic) from the genomic 
content of newly sequenced plant symbionts. We explored the 
opportunity using two supervised machine-learning techniques, 
a naive Bayes classifier (John and Langley 1995) and Support 

Vector Machines (SVM) (Cortes and Vapnik 1995). In both 
cases, we used abundances of 135 pathogen- and mutualist-
specific domains encoded in the genome of 54 studied symbi-
onts to train the model. To validate the predictive power of the 
models, we created a validation set of 30 plant symbionts with 
recently sequenced (draft or complete) genomes. The set in-
cluded 10 pathogens, 10 mutualists, and 10 commensals, 
which served as the outgroup. Gram-positive bacteria were 
represented in the set by three pathogens, one mutualist, and 
one commensal; and mutualists included not only rhizobia but 
also symbionts of Datisca glomerata (a perennial herb), Pinus 
silvestris (pine), and Oryza sativa (rice). Detailed genomic and 
phenotypic characteristics of the organisms are provided in 
Supplementary Dataset S1 and the predicted Pfam domains are 
listed in Supplementary Dataset S8. Both developed models 
assigned the correct phenotype to pathogens and mutualists in 
the validation set (Supplementary Dataset S9). The classifica-
tion of commensal organisms, however, was inconsistent. The 
naïve Bayes classifier predicted five mutualists and five patho-
gens from the set of 10 commensals, whereas the SVM model 
predicted eight mutualists and two pathogens. Nevertheless, 
the interaction phenotype assignment to Erwinia tasmaniensis 
Et1/99 and Pantoea agglomerans 299R as pathogens and the 
classification of two strains of Methylobacterium extorquens 
and two strains of Pseudomonas fluorescens as mutualists was 
consistent between the models. We believe that the difference 

Table 1. (continued from preceding page) 

Biological processa Species Pfam domains 

Streptomyces scabiei 
specific proteins 

Streptomyces scabiei 61 domains (17 DUF) 

Plant viruses replication 
protein 

Phytoplasma AYWB Rep_2, Gemini_AL1, 
Methyltransf_5, Peptidase_M22 

Putative toxin haemolysin-
type 

X. fastidiosa 9a5c (xfa), R. solanacearum GMI1000, X. fastidiosa temecula 1 (xft),  
A. tumefaciens C58, P. syringae pv. syringae B728a, Xanthomonas axonopodis 

HCBP_related 

DUF3396 A. tumefaciens C58, A. vitis S4, P. syringae pv. syringae B728a, P. syringae pv. 
tomato DC3000, Pectobacterium wasabiae, Xanthomonas oryzae KACC10331 

DUF3396 

Chitin synthase A. vitis S4, E. carotovora, D. dadantii Ech703, Pectobacterium carotovorum,  
P. wasabiae 

Chitin_synth_1 

Plant mutualists   
Nitrogen fixation Domains found in 23 mutualists (except Burkholderia phytofirmans and Enterobacter 

sp. strain 638) and only in two pathogens (D. dadantii Ech703 and E. carotovora) 
NifW, DUF3364, Fer4_NifH, 

Oxidored_nitro, NifZ, 
Nitro_FeMo-Co 

Nitrogenase biosynthesis 19 species of mutualists have DUF683 and 15 species have DUF269 DUF683, DUF269 
IAA biosynthesisd Azorhizobium caulinodans, B. phytofirmans, Klebsiella pneumoniae 342, Nostoc 

punctiforme, Bradyrhizobium spp. (Bradyrhizobium sp. strain BTAi1, Bradyrhizobium 
japonicum, Bradyrhizobium sp. strain ORS278), Methylobacterium spp. (Methylo-
bacterium nodulans, M. populi), Rhizobium spp. (Rhizobium sp. strain NGR234, 
Rhizobium leguminosarum, R. etli CFN 42, R. etli CIAT 652, R. leguminosarum bv. 
trifolii WSM2304), Sinorhizobium spp. (Sinorhizobium meliloti, S. medicae) 

NHase_beta NHase_alpha 

CO2 fixation using Rubisco Anabaena azollae 0708, Bradyrhizobium sp. strain BTAi1, B. japonicum, 
Burkholderia phymatum, Bradyrhizobium sp. strain ORS278, M. nodulans, N. 
punctiforme, Cupriavidus taiwanensis, S. meliloti, S. medicae 

Rubisco_small Rubisco_large_N 

Synthesis of selenocysteine Azorhizobium caulinodans, B. phymatum, B. phytofirmans, Enterobacter sp. strain 
638, K. pneumoniae 342, Pseudomonas putida W619, P. stutzeri, S. meliloti, 
Stenotrophomonas maltophilia R551-3 

SelB-wing_2 Se-cys_synth_N 
SelB-wing_3 

Formate-dependent 
hydrogen production 

Anabaena azollae 0708, N. punctiforme, P. stutzeri, R. etli CFN 42, R. etli CIAT 652, 
Sinorhizobium meliloti, S. medicae 

FrhB_FdhB_N FrhB_FdhB_C 

Oxidative deamination of 
primary amines to the 
corresponding aldehydes 

R. leguminosarum bv. viciae 3841, Burkholderia phytofirmans, Bradyrhizobium sp. 
strain BTAi1, Bradyrhizobium sp. strain ORS278, Frankia sp. strain EAN1pec, K. 
pneumoniae 342, N. punctiforme 

Cu_amine_oxidN2 Cu_amine_oxid 
Cu_amine_oxidN3 

The phenol 
monooxygenase system 

Azoarcus sp. strain BH72, Bradyrhizobium sp. strain BTAi1, Bradyrhizobium japonicum, 
Bradyrhizobium sp. strain ORS278, Cupriavidus taiwanensis, Frankia sp. strain CcI3 

Phenol_Hydrox MmoB_DmpM 

Bacteriochlorophyll 
biosynthesis 

Bradyrhizobium sp. strain BTAi1, Bradyrhizobium sp. strain ORS278, M. populi, A. 
azollae 0708, N. punctiforme 

DUF3479, Mg-por_mtran_C, 
PCP_red, PUCC, KaiB, Photo_RC

Unknown A. azollae 0708, Frankia sp. strain CcI3, Frankia sp. strain EAN1pec, N. punctiforme Saccharop_dh_N, ATP-sulfurylase, 
SAM_adeno_trans 

Exopolysaccharide 
synthesis and secretion 

R. etli CFN 42, R. etli CIAT 652, R. leguminosarum bv. viciae 3841, R. leguminosarum 
bv. trifolii WSM2304 

HTH_CodY, Alg14 

Formate utilization Burkholderia phymatum, M. nodulans, M. populi FTR, DUF447, FTR_C, MCH, 
Mpt_N DUF556 
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Fig. 4. Computationally predicted ribulose bisphosphate carboxylase/oxygenase-amended glycolysis in mutualists. A, The metabolic pathway was recon-
structed from B, enzymes encoded in the genome of mutualists by C, a conserved operon. Reactions catalyzed by enzymes of the operon implement stage I
and stage II of the metabolic pathway. The input compound of both stages is D-fructose-6-phosphate. In stage I of the pathway, two genes (cbbF and cbbA) 
of the operon are used to produce D-glyceraldehyde-3-phosphate that is further used as an input compound in stage II. During the second stage, the rest of
the five genes (cbbT, rpe, cbbP, rbsL, and cbbS) encoded by the operon synthesize D-xylulose-5-phosphate and convert it into D-ribulose 1,5-bisphosphate to 
produce 3-phospho-D-glycerate. In stage III of the pathway, 3-phospho-D-glycerate can be converted into pyruvate via the later steps of Emden-Meyerhof 
glycolysis. Three enzymes involved in stage III are encoded separately in the genome of Bradyrhizobium japonicum. Pyruvate can be further metabolized to 
fatty acids or energy through acetyl-CoA. 
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in predictions between the models for commensal microbes is 
not surprising because of their phenotypic variance. Similar to 
pathogens, commensal bacteria with sequenced genomes are 
usually ectophytes that occupy plant surfaces in the rhizo-
sphere or phylosphere; however, they do not cause symptoms 
of disease. Instead, they are used as biocontrol agents to pro-
tect plant hosts from pathogenic bacteria. Some commensals, 
however, are also reported as plant mutualists or endophytes 
(Rosenblueth and Martinez-Romero 2006). The ambiguity in 
the interaction phenotype of commensals might actually origi-
nate from the fact that they were considered commensals be-
cause they could not be directly linked to a plant disease or a 
beneficial effect on the host. Such outcomes are difficult to 
establish experimentally. 

To explore associations of commensal organisms with mutu-
alists and pathogens in more detail, we used two unsupervised 
computational techniques: principal coordinates analysis 
(PCoA) (Gower 1966) and association network (ANET) 
(Karpinets et al. 2012). We combined the organisms used for 

training and validation into one set and employed the compu-
tational methods to visualize distances (PCoA) and associa-
tions (ANET) between 84 plant symbionts in terms of pathogen- 
and mutualist-specific Pfam domains. In the PCoA analysis, 
the domain abundances were used to build a dissimilarity 
matrix and them to calculate distances between each pair of 
the symbionts and to display the strains in the two-dimensional 
space (PCoA plot; Supplementary Fig. S8). In the ANET tech-
nique, we considered co-occurrences of symbionts for each 
Pfam domain and then built a network from similar co-occur-
rence profiles for pairs of the strains (Fig. 5). Both methods 
(Fig. 5) support a transitional position of the commensal inter-
action phenotype (between pathogenic and mutualistic) and 
the conclusion about potentially incorrect assignments of com-
mensal bacteria as pathogens or mutualists in terms of the 
identified pathogen- or mutualist-specific Pfam domains. The 
association network analysis (Fig. 5) also revealed that most 
commensal bacteria, in spite of their similarity to pathogens 
and mutualists, tend to cluster together and can be assigned to 

 

Fig. 5. Association network of 84 plant symbionts used in the study. Each node in the network represents a symbiont, and an edge between nodes indicates
similar co-occurrence profiles of the symbionts in terms of the mutualist- and pathogen-specific Pfam domains. The node color indicates pathogenic (red), 
mutualistic (green), or commensal (brown) phenotype of the symbiont. The node shape shows whether the genome annotation of the symbiont was used for 
training of the classification models (diamond) or for their validation (circles). 
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a distinct cohort computationally. This suggests that it is cru-
cial to include commensal organisms in the training set of clas-
sification models in order to make more accurate predictions 
of the interaction phenotypes of plant symbionts. 

In conclusion, this study provided a comparative characteriza-
tion of pathogenic and mutualistic interactions between bacteria 
and plants based on a diverse set of computational annotations 
and predictions inferred from genomes of sequenced symbionts. 
The comparison extends beyond well-known genomic annota-
tions, such as protein family domains, enzymes, and pathways, 
but also includes characteristics inferred from metabolic net-
work models of the interacting organisms, such as metabolites 
consumed inside and outside the host and the level of metabolic 
independence of symbionts on the host. The use of metabolic 
models for interaction phenotype predictions may be especially 
valuable for uncultured sequenced symbionts whose ecological 
characteristics cannot be measured experimentally. 

The results of our comparative analysis suggest that nonoblig-
atory symbionts of both phenotypes might be similar in their 
ability to occupy diverse metabolic environments outside the 
host; nevertheless, both phenotypes can be distinguished when 
considering the metabolite environment and specific compounds 
utilized by symbionts. Each interaction phenotype is character-
ized by a set of functional markers in the genome that encode 
enzymes, especially carbohydrate-active enzymes (CAZymes), 
and other protein functions. Genomes of mutualists have an 
increased metabolic diversity and an increased number of en-
zymes involved in synthesis of oligo- and polysaccharides in 
biosynthetic and respiratory reactions. Genomes of pathogens 
are enriched with functions involved in host invasion, with cata-
bolic enzymes and with CAZymes involved in degradation of 
plant cell walls. Using two machine-learning techniques, we 
demonstrated that pathogen- and mutualist-specific protein func-
tions identified in the analysis can provide a foundation for de-
velopment of a predictive computational tool for classification 
of plant symbionts. However, the inclusion of outgroup organ-
isms such as commensals, saprophytes, free-living nitrogen-
fixing bacteria, and a greater number of complete genomes rep-
resenting these phenotypes are important conditions for increas-
ing specificity and sensitivity of the prediction. 

Two genomic characteristics are found to be most discrimi-
nating between pathogenic and mutualistic phenotypes of the 
symbionts and reveal some interesting insights into the nature 
of mutualism and parasitism. A putative unknown secretion 
system expressed during pathogenesis and associated with a 
circadian rhythm regulator appears to be the most discriminat-
ing genomic feature of plant-pathogenic bacteria; therefore, 
this system may be a target of antibacterial drugs or pesticides. 
A distinctive genomic feature of nitrogen-fixing plant mutual-
ists is the operon encoding enzymes of a plant pathway known 
as the RuBisCO shunt. To this point, the bacterial RuBisCO-
amended glycolysis shunt is a computational prediction. Once 
confirmed experimentally, this pathway may enhance our 
understanding of how two critical resources, nitrogen and car-
bon, are traded between bacterial mutualists and their plant 
hosts. Further experimental evidence, however, is needed for 
the predicted RuBisCO-containing pathway and for the puta-
tive secretion system. 

MATERIALS AND METHODS 

Protein family domains. 
Protein sequences of the genomes selected for analysis were 

downloaded from the National Center for Biotechnology Infor-
mation (NCBI) in January 2011 and annotated by protein family 
domains using Pfamscan and hidden Markov models from the 
Pfam protein families database (v.24) (Finn et al. 2008). A table 

of Pfam enrichment profiles was generated, with each row repre-
senting a domain and each column representing an organism, by 
counting the number of each Pfam domain for each organism 
(Supplementary Dataset S2). The table was analyzed using a 
computational framework presented in Supplementary Fig. S7. 
Two statistical tests were used to characterize specificity of each 
Pfam domain in the table for each subset of organisms and 
whether the domain was differentially abundant in one subset 
versus the other. Differentially abundant Pfam domains in each 
subset were selected using the nonparametric t test in combina-
tion with the Fisher’s exact test, as described (White et al. 2009). 
Using this method, we estimated the FDR (q value) for each 
Pfam domain or the proportion of false positives within the set 
of predicted differentially abundant domains. We identified 
groups of protein functions that likely represent pathways or 
contribute to biological processes specific for each phenotype 
using a previously described approach (Karpinets et al. 2010) by 
calculating enrichment profiles of each Pfam domain among the 
genomes, correlating each pair of the profiles, and clustering 
significantly correlated profiles using the Markov clustering 
algorithm (MCL) (Enright et al. 2002). Evidence for synteny of 
identified clusters of Pfam domains was established by selecting 
the most confident groups of relating protein functions. Statisti-
cal tests were further used to characterize each cluster as specific 
for either pathogens or mutualists. Spearman correlation coeffi-
cient (R) was used to calculate similarity between each pair of 
Pfam profiles. A threshold value of the coefficient (R = 0.90) 
was used to find significantly correlated pairs of Pfam profiles 
among organisms. The correlated profiles were clustered using 
MCL with the inflation value 1.8. Results of this analysis, in-
cluding all identified clusters of Pfam domains, their names, 
synteny scores, domain abundances in the studied organisms, 
and results of statistical tests for each domain, are shown in Sup-
plementary Datasets S3 and S4. A manual curation of the infor-
mation collected for each cluster was used to compile a table of 
cellular processes that are specific for plant pathogens or mutu-
alists (Table 1). 

Enzymes and metabolic pathways. 
Enzyme annotations (EC numbers) of the genomes were 

downloaded from KEGG (Kanehisa 2002) and combined into 
one table to create profiles with the number of each enzyme 
across all organisms. Statistical significance for enrichment of 
each enzyme in the group (pathogens or mutualists) was esti-
mated using statistical tests, as described in the previous sec-
tions. Only enzymes that were statistically significantly enriched 
in one of the groups (P < 0.001) were selected for hierarchical 
clustering, which was implemented using Gene Cluster v.3 (de 
Hoon et al. 2004) and the Spearman correlation coefficient as a 
similarity metric and centroid linkage (distance) between the 
two clusters. The pathway enrichment analysis of pathogens 
versus mutualists was implemented using gene set enrichment 
analysis (Subramanian et al. 2005). We compared the pheno-
types in terms of their enrichment with MetaCyc (Krieger et 
al. 2004) and KEGG (Kanehisa 2002) pathway annotations 
downloaded from websites of the respective databases. We 
used a signal-to-noise ratio to score the difference between 
phenotypes for each EC number and to rank the numbers to 
calculate the enrichment score, P value, and q value for each 
pathway predicted by KEGG and MetaCyc. 

CAZymes 
We used the CAZymes Analysis Toolkit (Park et al. 2010) to 

predict CAZy families in the genome of each symbiont. Then, 
we calculated the number of predicted CAZymes in each fam-
ily and used the resulting table to select differentially abundant 
CAZy families in each subset of organisms by calculating P 
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and q values (White et al. 2009). The selected families were 
used for hierarchical clustering of symbionts. Different thresh-
olds for q and P values as well as for similarity measures were 
tested to get the best separation of mutualists and pathogens. 

Host and nonhost biochemical environments. 
We used NetCmpt (a network-based tool for calculating the 

metabolic competition) (Borenstein et al. 2008; Carr and 
Borenstein 2012; Kreimer et al. 2012) to infer a set of exoge-
nously acquired compounds, also referred to as the potential 
substrates, from the list of reactions predicted for each symbi-
ont. The predicted potential substrates were then compared 
with the compounds available from the plant host using a 
global metabolic reconstruction of model plant organism Arabi-
dopsis thaliana (Mintz-Oron et al. 2012). Those compounds in 
the list of symbiont-potential substrates that overlapped with 
the plant compounds were considered as the host substrates of 
the symbiont and the remaining compounds were considered 
as the nonhost substrates. R scripts were used for all calcu-
lations and are available upon request. The hierarchical clus-
tering was used to cluster symbionts and their nonhost seed 
compounds, as described above. 

To justify the use of A. thaliana as the plant host for predict-
ing host and nonhost substrates of the plant symbionts, we com-
pared metabolites inferred from the A. thaliana genome with 
genomes of five different plants: Populus trichocarpa (poplar) 
(Tuskan et al. 2006), O. sativa (rice) (Ouyang et al. 2007), Zea 
mays (corn) (Schnable et al. 2009), Vitis vinifera (grape) (Jaillon 
et al. 2007), and Solanum lycopersicum (tomato) (Sato et al. 
2012). These plants represent hosts of six mutualists and seven 
pathogens in the studied symbionts. We downloaded annotations 
of the genomes from Phytozome V9 and used the KEGG orthol-
ogy annotation of proteins from each genome to extract all asso-
ciated reactions from the KEGG database (Kanehisa 2002). Fur-
thermore, we linked the reactions to metabolites in the KEGG 
database to identify a unique set of metabolites for each plant 
and compared this set with metabolites found in A. thaliana. The 
analysis shows that the number of predicted metabolites in the 
genomes varied from 1,483 in Z. mays to 1,553 in A. thaliana. 
The number of plant-specific metabolites (that are not found in 
A. thaliana), however, was rather small, ranging from 15 in 
Solanum lycopersicum to one in Z. mays and O. sativa. None of 
the plant-specific metabolites is found in the list of potential 
substrates predicted from the genome of the studied symbionts. 
This result reveals limitations for discrimination of different 
plant hosts in terms of the predicted metabolites based on the 
present knowledge of plant metabolism. 

Transcriptomics data. 
Five previously published transcriptomics datasets (Capela et 

al. 2006; Lindemann et al. 2007; Pessi et al. 2007; Sheikh et al. 
2011) were used to confirm the in vivo activity (during the sym-
biosis) of the two most discriminative genomic features of 
pathogenic and mutualistic phenotypes: genes of a putative 
secretion system and genes encoding nitrogenase and RuBisCO. 
Coexpression of nitrogenase- and RuBisCO-encoding genes was 
confirmed during the in vivo growth of B. japonicum and Sino-
rhizobium meliloti. Datasets of microarray experiments from 
studies of B. japonicum (Lindemann et al. 2007; Pessi et al. 
2007) were downloaded from the Gene Expression Omnibus 
database (accession numbers GDS3120, GDS3121, and 
GDS3122). The datasets were combined into one table, normal-
ized and log2 transformed. The resulting expression values of 
RuBisCO and nitrogenase genes were used to explore coexpres-
sion patterns of the enzymes. Data from a microarray study with 
Sinorhizobium meliloti were downloaded from the online sup-
plement of Capela and associates (2006). The expression of the 

unknown putative secretion system was confirmed during in 
vivo growth of Salmonella enterica serotype Typhi. Experi-
mental data available in the online supplement of a published 
study by Sheikh and associates (2011) were used to select ex-
pression levels of genes of the putative secretion system. 

Computational prediction of the interaction phenotype. 
We used the R package e1071 to build two classification 

models, a naive Bayes classifier and SVM, based on the train-
ing set of 135 Pfam protein domain abundances in genomes of 
the studied symbionts. Only pathogen- and mutualist-specific 
Pfam domains shared by at least two pathogens or mutualists 
from different genera were selected to train the models. To 
validate the predictive power of the models, we searched the 
literature and databases (IMG, GOLD, and NCBI) and identi-
fied 30 recently sequenced plant symbiotic bacteria represent-
ing three different interaction phenotypes with the plant host, 
10 pathogens, 10 mutualists (endophytes), and 10 commensals. 
All annotations of the organisms, including Pfam annotation, 
were downloaded from IMG. The R environment was used to 
predict the interaction phenotypes for bacteria in the validation 
set using the classifiers. The R packages ape and vegan were 
used to implement the PCoA with the default parameters. The 
ANET program developed by us and described before 
(Karpinets et al. 2012) was employed to construct the associa-
tion network using Spearman correlation (Rs) as the similarity 
measure and Rs = 30 as the threshold. The Cytoscape V 2.8.1 
(Smoot et al. 2011) was used to visualize the network. 
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